Emission from a class of benzene-based molecules known as Polycyclic Aromatic Hydrocarbons (PAHs) dominates the infrared spectrum of star-forming regions. The observed emission appears to arise from the combined emission of numerous PAH species, each with its unique spectrum. Linear superposition of the PAH spectra identifies this problem as a source separation problem.
INTRODUCTION
The infrared spectrum of star-forming regions ( Figure 1 ) is dominated by emission from a class of benzene-based molecules known as Polycyclic Aromatic Hydrocarbons (PAHs). The presence of this emission is a principal indicator of star formation not only in our own Milky Way galaxy but also in distant galaxies [1] . The observed emission appears to arise from the combined emission of numerous PAH molecular species, both neutral and ionized, each with its unique spectrum. Strong evidence suggests that the concentrations of individual PAH species, degrees of ionization, and temperatures vary significantly between astrophysical sites. Unraveling these variations is crucial to a deeper understanding of star-forming regions in the universe. To date, despite attempts to fit data by hand [2] , no one has successfully unscrambled the observed PAH emission of any astrophysical source into its individual PAH constituents. Efforts have been defeated by the complexity of the observed PAH spectra and the very large number of potential PAH emitters.
Linear superposition of the various PAH species accompanied by additional sources identifies this problem as a source separation problem. It is, however, of a formidable class of source separation problems given that different PAH sources are potentially in the hundreds, even thousands, and there is only one measured spectral signal for a given astrophysical site. Fortunately, the source spectra of the PAHs are known, but the signal is also contaminated by other sources, such as dust radiation and atomic emission that must be simultaneously characterized to effectively isolate the PAHs.
Our ongoing work in developing informed Bayesian source separation techniques relies on incorporating three distinct types of source spectra models: a dictionary of over one thousand atomic and molecular PAH spectra in various states of ionization, Planck blackbody radiation parameterized by temperature to describe dust radiation, and a "non-parametric" mixture of Gaussians to describe poorlyunderstood spectral sources.
These models are simultaneously estimated by a relatively new Markov chain Monte Carlo (MCMC) technique called Nested Sampling and by relying on an ON/OFF mechanism that enables us to simultaneously estimate the probability that a particular PAH species is present in addition to an estimation of its contribution to the spectrum. In this paper we present a concise description of our initial investigations into this challenging problem.
PAHS AND THE INTERSTELLAR MEDIUM
A single PAH molecule is an assembly of hexagonallyshaped carbon rings of the simplest aromatic molecule, benzene, C 6 H 6 . The connected carbon rings of a PAH are laid out in flat structures resembling sections of chicken wire. Figure 2 shows two examples of PAHs along with their distinctive infra-red spectra, which arise from the vibrational states unique to their molecular structure. PAHs in the Interstellar Medium (ISM) are believed to range in size from a few 10s of Carbon atoms to hundreds of Carbon atoms [2] . In addition, they are thought to be present in neutral and ionic forms, and with substitutions of Deuterium and Nitrogen for some of the Hydrogen and Carbon atoms, respectively. Ionization and element substitution alter PAH wavelengths and relative intensities, often dramatically. While all PAHs have emission bands near 3.3, 6.2, 7.7, 8.6, 11.2, and 15-20 microns, they do not have identical spectra (see Figure 2) . Our collaborators at NASA Ames Research Center have compiled a library of over a thousand PAH spectra, which we will be using as a template for the PAH sources. At this stage, we have investigated estimation of approximately 100 PAHs in simulations using a subset of this data. Our modeling technique attributes to each PAH species two parameters. The first is a binary parameter, which serves to turn the PAH ON and to turn it OFF. The second is a real parameter that serves to quantify the contribution of an ON PAH to the measured spectrum. This strategy enables us to not only quantify the probability with which we believe a particular PAH is present, but also the degree to which it is present. Atomic and ionic emissions are also present and must be modeled as well using their spectral templates from the database. Whether our algorithms or quality of results can be made to scale to a thousand PAHs is yet unknown, but that is the nature of this interesting problem.
The measured spectrum ( Figure 3 ) is complicated by the fact that the dust in the astrophysical site is thermally radiating. In fact, there may be several dust radiators along the line-of-sight, each at a distinct temperature ( Figure 4 ). We assume, for this initial investigation, that the dust radiation can be modeled with multiple blackbody Planck functions of unknown intensity and temperature. This is a crude approximation but will serve our purpose here. Finally, there are broad spectral features that have not yet Since the nebulae are optically thin, the telescope also detects thermal radiation from clouds along the line-of-sight at temperatures T 2 and T 3 , as well as possible absorption lines.
been attributed to any known source. To handle these unknown source components, we utilize a mixture of Gaussians with appropriately-defined cut-offs for both the mean and standard deviation.
THE SPECTRUM MODEL
Blind techniques are not always useful in complex situations like these where much is known about the physics of the source signal generation and propagation. Higher-order models relying on physically-motivated parameterized functions are required, and by adopting such models, one can introduce more sophisticated likelihood and prior probabilities. We call this approach Informed Source Separation [3] . In this problem, we have linear mixing and the basic source separation equation holds:
where there are N sources, each contributing a portion c i of their characteristic spectrum s i ( ) to the total measured flux F( ), which also suffers from a noise contribution ( ). Given our knowledge about the astrophysics, the summation can be rewritten as
where PAH p is a p-indexed PAH spectrum from the dictionary, N is a Gaussian. The function Planck is 
BAYESIAN METHODOLOGY
Although we possess a great deal of prior information regarding the interstellar environment, the individual spectral sources, and the details of the radiation processes, this is clearly a complex and challenging inference problem.
To solve this problem while relying on our prior knowledge, we utilize the Bayesian methodology, which enables us to use recorded data to update our prior model. Bayes Theorem states that
where M represents the set of model parameters, D represents our data in the form of a recorded spectrum, and I represents our prior information. The term P(M | I) is called the prior probability as it represents the probability of the model parameter values given our prior information before we encounter any data. The likelihood P(D | M, I) describes the probability that the hypothesized model M could have led to the observed data. The posterior probability, or posterior for short, P(M | D, I) describes the probability of the model parameters given both our prior information and the data. The denominator P(D | I) describes the evidence that that data provides the model. In most cases, this is determined from the normalization condition that the sum of the posterior over all possible models is unity.
To utilize this methodology, we must assign probabilities that accurately describe our state of knowledge. As a first pass, we begin with a Gaussian likelihood
where D( ) represents the measured flux that constitutes our data, F( ) represents the modeled spectral flux described by (1), (2), and (3), and is the expected squared deviation of the measurements from the true unknown values. The summation is over the N values of measured , which can be indexed allowing for non-uniform sampling of the spectrum or accommodating missing data. Normally, is unknown, and we can deal with this by integrating over all possible values of sigma. When using a Jeffrey's prior for , this results in the Student-t distribution [5, p. 54]
which conservatively accounts for the fact that the noise variance is unknown. The majority of our prior information has gone into choosing the relevant model parameters and assigning a likelihood function that depends on the form of the spectrum model. Clearly, we can put limits on the possible cloud temperatures and PAH, Planck, and Gaussian contributions/amplitudes. For simplicity, the present results are obtained by assigning uniform priors over those ranges
However, future work will involve the use of more sophisticated priors. In the event that the average expected values of the amplitude A is known, an exponential prior is more appropriate [5, p. 117 
Skilling also suggests a similar prior
which captures the expectation that the amplitude is on the order of A o , but is more forgiving for occasional larger values. With the priors and the likelihoods defined, the next step is to explore to posterior probability and identify the high-probability solutions.
NESTED SAMPLING
To explore the posterior probability, we employ a new MCMC technique called Nested Sampling [5, 6] . Nested Sampling focuses on the joint probability
which can be written as the posterior times the evidence, or equivalently, the likelihood times the prior. The algorithm maintains a set of samples distributed according to the prior probability, each with its associated likelihood. At each step, the sample with the least log likelihood is identified and used to set a likelihood threshold below which we no longer need to explore. That sample is discarded and replaced by duplicating and varying one of the other samples. The sample is varied so as to remain above the new likelihood threshold. This is performed by step-size monitoring and rejection of samples that cross the implicit threshold. All moves above the threshold are accepted. The result is a method that maintains an implicit boundary that iteratively contracts into the high probability regions ( Figure  5 ).
One can use the discarded samples to numerically integrate the volume of the posterior, which enables one to compute the evidence. This will be extremely important in our problem since the evidence is critical in assessing the validity of the model order and the comparison across a variety of spectral models. From the list of discarded samples, one can compute mean quantities of the parameter values as well as the uncertainties in the estimates.
To implement model selection we have adopted Skilling's ON/OFF strategy [5, 6] that turns sources on and off in addition to varying their parameter values. The result is that we can compute the probability that a particular source is present in addition to its estimated contribution. This is implemented by introducing an additional binary parameter , which modifies the PAH term in (2) so that p turns PAH p ON and OFF, and c p scales its contribution to the recorded spectrum. By separating the two effects, we can estimate both the probability that PAH p is present and the degree to which it contributes to the spectrum. This is handled in Nested Sampling by creating engines that perform various tasks with different rates that are set to be proportional to the prior probabilities. One such engine simply varies the present PAH contributions, another engine flips the state of a PAH from ON to OFF and vice versa, while yet another engine may swap one PAH for another with a similar spectrum. A wide variety of engines can be created that enable the algorithm to effectively explore the model parameter space.
RESULTS
At this stage in our research, we have implemented Nested Sampling for separation of the spectral background into Planck and Gauss spectra and have applied the algorithm to spectral data collected by the Infrared Space Observatory (ISO). In addition, we have separately worked with Figure 5 . This cartoon shows a two-dimensional hypothesis space. Nested sampling relies on maintaining a set of samples distributed according to the prior probability. Associated with each sample in the space is a likelihood, which is used to define likelihood thresholds below which the algorithm will not explore. This implicitly defines boundaries which contract on the high probability regions.
characterizing PAHs from artificial mixtures. The original expectation was to be able to estimate the background sources separately from the PAH contributions. However, due to the fact that there are both emission and absorption processes, this will lead to poor estimates making it necessary to perform a joint estimation. Figure 3 shows a spectrum taken from the Orion Bar in the Orion nebula, illustrated in Figure 1 . The black curve is the original data, and the gray curve is the background estimation obtained from nested sampling. There is one blackbody radiator at a temperature of 61.043 0.004 K, and possibly a second (36.3% chance), at a temperature around 18.8 K.
In Figure 6 we show the results of seven experiments on data consisting of a synthetic mixture of 47 PAHs. This example is essentially, a non-negative least squares fit and demonstrates feasibility (see caption). We are currently working to apply the Nested Sampling ON-OFF procedure to the PAH mixtures.
CONCLUSIONS
As we described in the Introduction, this is clearly a formidable problem and the possibility of our final success is not clear. However, without the ability to traverse lightyears of distance and collect physical samples, a single infra-red spectrum of an astronomical site is all that is available for study. A careful study of the successes and failures of our signal processing techniques applied to this problem will be critical to understand what additional information, if any, about the interstellar environment and the underlying principles of astrochemistry is necessary to obtain the most complete understanding of these important processes.
Our future work will consist of making the models of the spectral components more physically accurate, increasing the number of PAH species considered, and identifying relevant classes of PAHs in the event that individual PAH species are simply not identifiable. Figure 6 . This shows the results of 7 early experiments aiming to estimate the contributions of 47 PAHs. The x-axis represents the PAH labels. The vertical lines indicate PAHs that were actually present in the synthetic data set. The squares represent their true contributions, and the stars the estimates. Most present PAHs have been detected. The ON-OFF technique is not being applied here, so all PAHs are estimated to have some, albeit very small, contribution.
